Abstract-This paper discusses the control design of a magnetically guided microrobotic system in blood vessels to perform minimally invasive medical procedures. Such microrobots consist of a polymer-bonded aggregate of nanosized ferromagnetic particles and a possible payload that can be propelled by the gradient coils of a magnetic device. A fine modeling is developed and used to define an optimal trajectory which minimizes the control efforts. We then synthesize an adaptive backstepping law that ensures a Lyapunov stable and fine tracking, despite modeling errors, and estimates some key uncertain parameters. As the controller synthesis uses the microrobot unmeasured velocity, the design of a high-gain observer is also addressed. Simulations and experiment illustrate the robustness to both noise measurement and some uncertain physiological parameters for a 250-μm radius microrobot that navigates in a fluidic environment.
actuated, thanks to embedded ferromagnetic magnetosomes, has been demonstrated [13] . Finally, bead pulling is investigated using either experimental setups [10] , [14] [15] [16] or magnetic resonance imaging devices [17] .
All these contributions point out the difficulties of controlling magnetic microrobots in fluids through magnetic field actuation. Achieving motion control of such robots necessitates nonlinear dynamics modeling and analysis [18] , [19] . Despite nonlinearities of the proposed models, related control approaches mainly rely on linear tools of control theory. For example, the controllability of the linearized system around equilibrium is studied in [20] , but there is no controller design. To deal with the nonlinearities of the magnetic field, in [21] , decoupling and linear parametrization have been used to synthesize an optimal controller that minimizes a quadratic cost. To face the similar kind of problem, a linear quadratic Gaussian controller that is based on the linearized model has been addressed in [22] . Recently, a new approach which is referred to as magnetic resonance navigation has been proposed to steer and track in real-time endovascular magnetic devices in deep tissues to target areas of interest [23] , [24] . As it focuses on feasibility studies of the microrobot pulling concept, the developed model is linear, and in turn the synthesis of control laws relies on PID approaches [24] , [25] . Instabilities and important oscillations around equilibrium are reported in [24] and [25] . These weaknesses are directly related to the use of linear controllers that are not well suited to deal with nonlinear perturbated systems.
In this paper, we discuss the control design of a bead-pulled microrobotic nonlinear system to navigate in blood vessels. Section II reviews the nonlinear modeling of the endovascular robot and the inherited state-space representation. Section III then addresses the choice of the reference trajectory, and states the robustness issues the controller has to face with. To this end, we design adaptive backstepping controllers and high-gain observers in Section IV. The control design, which was recently developed in [26] , ensures the Lyapunov stability of the trajectory tracking, while high-gain observers ensure the estimation error stabilization. Besides, adaptive control laws enable online estimation of uncertain parameters to which the system is the most sensitive, thus improving the tracking performances. Section V is devoted to simulation and experiment results, which illustrate the stability and robustness of the controller-observer pair. Conclusions are given in the last section.
II. BACKGROUND
The microrobot is a polymer-bonded aggregate of ferromagnetic particles immersed in a small artery (see Fig. 1 ). This section reviews the modeling of the forces that affect the microrobot, which was addressed in [27] . The robot translational motion is given by
where v is the translational velocity of the robot of mass m. In the present case study, short-range interactions (van der Waals and steric forces) and stochastic effects are negligible [27] .
A. Hydrodynamic Drag Force
The hydrodynamic drag force F d that exerts on a spherical body of radius r in a finite fluid is expressed as follows:
where v − v f denotes the relative velocity of the microrobot with respect to the fluid; A is the body frontal area; ρ f is the blood density; β is a dimensionless ratio that is related to the wall effect caused by the vessel occlusion by the microrobot (see, e.g., [28] ); and C d (Re, β) is the drag coefficient [27] . The non-Newtonian behavior of blood is addressed using [29] . The wall effects result in a parabolic flow profile (see Fig. 2 ). The pulsative blood velocity is modeled by an affine combination of a timevarying periodic flow with the spatial shape p(δ) ∈ [0, 1], where δ is the algebraic distance from the robot surface to the wall. In arterial vasculature, the pulsative behavior also induces a periodic deformation of the vessel diameter D(t) that is synchronized with the pulsative blood velocity v f (t):
B. Apparent Weight
The apparent weight, which is the combined action of the weight and the buoyancy, also acts on the microrobot
where V is the microrobot volume, ρ = τ m ρ m + (1 − τ m )ρ p oly with ρ m and ρ p oly being the magnetic material and polymer densities, and
the ferromagnetic ratio.
C. Contact Force
Since the impacts occur within a few milliseconds, and under the assumption of no friction during the impact, the contact force is expressed by a modified Hertzian contact law [30] ⎧
where H is the Heaviside step function, and n the unit vector normal to the wall. F δ m and δ m are the maximum contact force and deformation, respectively. δ 0 is the permanent deformation, and p ∈ [1.5, 2.5]. The stiffness K is given in [27] .
D. Electrostatic Force
The electrostatic force between the microrobot and the wall which is considered as an uncharged surface is given by [31] :
with q being the microrobot charge [32] and being the medium dielectric density. As depicted in Fig. 2 , the resulting force includes the interactions with the upper and lower walls.
E. Magnetic Force
The gradient coils of a magnetic device provide a magnetic force F m on the microrobot of magnetization M :
where B = B 0 k is the external magnetic field.
F. State-Space Representation
Let x 1 and x 2 (x 3 and x 4 ) denote, respectively, the microrobot position and velocity along ı axis (respectively, along the k axis). Assuming that positions x 1 and x 3 can be measured thanks to an imager, let y denote the state measure. Using expressions of forces (2), (4)- (7), and adequate projections, system (1) can be written in the control-affine forṁ
with vector fields given by
where the control inputs (u 1 , u 2 ) = (∇B x , ∇B z ) are the magnetic gradients, a = τ m M ρ = 0, and the functions f 0 i are given by with
(11) where indices x, z, and n denote projections on ı and k, and normalization, respectively, with respect to mass. ψ and φ are used to project the mobile frame and relative velocity, respectively (see Fig. 2 ).
III. PROBLEM STATEMENT
Prior to address system (8) control issues, we first define a reference trajectory that minimizes the control efforts. Since the robot modeling involves many physical and physiological parameters that are affected by uncertainties, we also provide a sensitivity analysis to identify the ones that deserve an online estimation to improve the robustness to parametric errors.
A. Reference Trajectory
An optimal trajectory is deduced from the force balance, to minimize the control efforts [see Fig. 3 (a) and (b)]. First, anchor points are defined in the vicinity of a preplanned centered path. At these points, the interaction force equipoises other external forces, resulting in an optimal ratio of the motive magnetic force over external ones. A class C 2 B-spline then joins these points. Along this optimal trajectory, the required control inputs are less demanding than alongside the vessel centerline since the magnetic force should no longer compete with the entirety of external forces. See [27] for more details.
B. Sensitivity Study
The model (11) exhibits numerous physiological and physical parameters. A comprehensive study has been conducted to determine the predominant parameters in the model, i.e., the ones that substantially modify the estimated force in the case of parametric uncertainties. This study shows how and to what extent parametric errors impacting either the electrostatic force F el , the drag force F d , or the magnetic force F m , affect the estimate of the resultant force acting on the microrobot. Fig. 4 shows both the force error (in μN) and the force error ratio (in %) for some parametric errors in the range ±50% around their nominal values. The study is performed assuming a microrobot radius r = 250 μm. The center of mass of the microrobot is located at D/4 from the blood vessel centerline. Fig. 4(a) shows the electrostatic force error that is induced by uncertainties on the charge q and on the medium dielectric density ε. The resulting nonlinear profiles are related to the fact that F el grows in q 2 and 1/ε, respectively. Both magnetic and drag force errors are drawn in Fig. 4(b) for parametric uncertainties on the microrobot magnetization M and the fluid viscosity η, respectively. Despite the linear dependence of F m in M , this parameter impacts severely the estimated force, since a 50% error on the robot magnetization causes a 2-μN error on the force. Although the drag force F d varies as a nonlinear function of η, the drag force error is quasi-linearly affected in the considered range. Both figures show that a 50% error on either q, ε, or η leads to a 1-μN error on the estimation of the electrostatic and drag forces.
A significant error on one of these parameters can significantly degrade the system performances or make it unstable. Therefore, the dedicated controller should both stabilize the microrobot along a reference trajectory and ensure robustness to the most sensitive parameters uncertainties.
IV. MAIN RESULTS
We now synthesize an adaptive backstepping control law that Lyapunov stabilizes the system (8) along the reference trajectory and online estimates some parameters in order to improve the robustness and the quality of the tracking. Since the inherited control law requires the unmeasured robot velocity, a high-gain estimator is also developed. We first state on the controllability and observability of the system (8).
A. Prerequisites Proposition 1:
] denote any continuous and bounded reference trajectory. The system (8) is locally controllable along the reference trajectory.
Proof: To state a result on the controllability of system (8), we linearize it along the reference trajectory. From (8), we obtain a continuous linear time-variant systeṁ
with
The system (12) 
B. Control
The model exhibits many parameters that are unknown or highly variable. An adaptive nonlinear control law [35] , [36] that is based on a backstepping approach is now developed to guarantee the stability in spite of parametric errors, using control Lyapunov functions (CLF). As shown in Section III-B, the most sensitive parameters are M, η, q, and ε. However, the adaptive backstepping approach addresses only the estimation of linear parameters, like M ,-or linear up to some change of coordinates, like q 2 /ε-of the model. We here address two cases: the estimation of linear parameters in the drift vector field f 0 , and in the control vector fields. We first propose the following change of variables to have a triangular system:
To deal with the unknown parameter θ = q 2 ε , we set the new system from (8) and (15):
where
, and F eln = ϕ 0 (X)θ. Proposition 3: Under assumptions of Proposition 1, the adaptive backstepping control law
stabilizes system (16) along any C 0 reference trajectory for any initial estimateθ(0), with k 1 , k 2 > 0 being the controller gains, and Γ being a positive-definite matrix gain.
Proof: The proof is given in Appendix A. To address the robustness to an unknown linear parameter in the control vector fields, e.g., the most sensitive one, magnetization θ = M > 0, we set the following system from (8):
Proposition 4: Under assumptions of Proposition 1, the adaptive backstepping control law
stabilizes system (18) along any C 0 reference trajectory for any initial estimateθ(0) ≥ , with > 0 being any known lower bound on θ, k 1 , k 2 > 0 being the controller gains, Γ being a positive-definite matrix gain, and the projection operator
Proof: The proof is given in Appendix B.
C. Observer
The control laws (17) and (19) require both the microrobot position and the velocity. The former is measured by the imaging device, whereas the latter is not, which justifies the necessity of an observer. Since the vector fields are locally Lipschitz continuous, we propose high-gain observers [37] .
Proposition 5: Let K denote any compact subset of a neighborhood of (X r ,Ẋ r ), and U the compact set of admissible control inputs. Then,
with F = F 0 + ϕ 0 θ + au (respectively, F = F 0 + ϕθu) and F , which is a globally Lipschitz extension of F , is a high-gain observer for system (15)- (16) [respectively, system (15)- (18)] on K, with G 1 and G 2 defined from the Hurwitz matrix H u :
Proof: The proof is given in Appendix C.
V. SIMULATIONS AND EXPERIMENTAL RESULTS

A. Simulations Settings
Simulations are performed by taking into account the limitations of the actuators. In order not to exceed the capacity of the magnetic device, the control inputs are time-scaled as u a (t) = u(t)/k(t) with k(t) = max[1, u(t)/u sat ]. Our studies assume the presence of minor bifurcations (see Fig. 2 ). The developed controller must be sufficiently robust to compensate this effect considered as a disturbance. The velocity profile in a major bifurcation is studied in [27] . The robot navigates in a small artery of nominal diameter D = 3 mm. The pulsatile parameters of both blood flow and arterial diameter in Table I . 
B. Experimental Setup
The experimental setup which is used to provide magnetic gradient inputs, shown in Fig. 5 , has been developed by Aeon Scientific (see www.aeon-scientific.com). It consists of one Helmholtz coil and three Maxwell coils to deliver any 3-D magnetic gradient input in the workspace. In this experiment, actuator saturation is set to u sat = 300 mT·m −1 . A CCD video microscope TIMM400 measures the robot position within a 40-μm resolution. The robot is a 257-μm radius NdFeB N35 ball that is immersed in a glycerine-water solution, with a remanent magnetization M = 0.93 × 10 6 A·m −1 and τ m = 1. Control and imaging are real-time computed with a 50-ms sampling time.
C. Results
In the first simulation, we assume that the robot position is measured within an accuracy of 100 μm-consistent with the best medical imager resolution-modeled by a white Gaussian noise on the position output. The high gain is low, since it has to fulfill a tradeoff between stability and robustness to noise. Uncertainties on the most sensitive parameters of the model are then considered: Simulation 2 is performed assuming an overall 20% error on the nominal blood dielectric and maximum allowable charge, while simulation 3 shows the impact of a 20% error on the nominal magnetization value.
All simulations demonstrate the stability of the controller-observer pair. At the beginning of the first simulation [see Fig. 6(a) , (e), and (i)], the observer has not yet converged. Meanwhile, the microrobot collides with the blood vessel wall, forcing the control inputs to reach the saturation. This collision strongly degrades the convergence of the observer and the estimation error increases. The contact force propels the microrobot in the center of the blood vessel, where the drag force is the highest. From t = 0.1 s, the observer reconstructs correctly the state and has a filtering effect (estimation error around 30 μm) . Yet, the microrobot is swept away by the blood flow and has to turn back to converge toward the reference trajectory. The control inputs reach again the saturation because of the important drag force that acts on the robot at the vessel centerline. The sensitivity to noise of the control inputs around t = 0.5 s and t = 2.5 s is explained by the predominance of interaction force with respect to the hydrodynamic force (diastolic phase). Indeed, the interaction force depends only on the position measured, while the hydrodynamic drag depends mainly on the velocity.
In the second and third simulations, the parametric errors affect neither the stability of the closed-loop system [see Fig. 6 (b) and (c)], nor the convergence of the observer [see Fig. 6 (f) and (g)]. Nevertheless, at the beginning, the transient phase is critical since the control inputs reach the saturation [see Fig. 6 (j) and (k)], the estimated parameters are not updated [see Fig. 7 (a) and (b)], the observers have not yet converged, and the microrobot collides the wall. When the control inputs are no longer saturated, the estimated parameters are updated, and the observer converges. In the second simulation, one can notice that the tracking is degraded around t = 1 s for two reasons. First, the overestimated parameter has not yet converged, and the microrobot deviates toward the center of the vessel. Second, the hydrodynamic force that acts on the microrobot is high (systolic phase), and the control inputs reach saturation. In both simulations and after the estimated parameters have converged, the controller ensures a perfect stabilization of the microrobot along the reference trajectory.
The experiment now illustrates the robustness to both noise and parametric errors. The tracking initial error with respect to the reference is very important both in position and in velocity [see Fig. 6(d) ]. The observer error is also important since observer is initialized at the center of the circle [see Fig. 6(h) ]. Besides, levitation is activated only after a few seconds, which explains the initial saturation on the control inputs in Fig. 6(l) . These important initial errors combined with the actuator saturation induce a quite long transient phase (15 s). Note that the velocity estimation error in Fig. 6 (h) seems to converge slowly, but it is misleading artifact: Since the real robot velocity is not accessible, the same goes for the velocity estimation error, and we can only plot the velocity error between the observer and the reference. The tracking is then ensured with an average error around 100 μm [see the zoom in Fig. 6(d) ].
VI. DISCUSSION AND CONCLUSION
This paper provides a preliminary study that demonstrates the proof of concept of an innovative method to perform medical tasks by navigating in the cardiovascular system using magnetic devices. To perform this task, a precise nonlinear model is presented for a magnetically guided microrobot in blood vessels; this model takes into account the non-Newtonian behavior of blood and electrostatic and contact forces. An optimal trajectory is then derived from this precise model to minimize the control efforts, and a sensitivity study is achieved to identify the predominant parameters. After demonstrating the controllability and observability of the system, we then synthesize a Lyapunov stabilizing control law for the nonlinear model using an adaptive backstepping control approach, coupled with a high-gain observer to rebuild the unmeasured velocities that are needed to implement the controller. To validate this approach and the stability of the controller-observer pair, the first simulation illustrates the robustness to output noise. Since the modeling describes both physical and physiological forces, it is also affected by many biological parameter uncertainties. To robustify the tracking with respect to these uncertainties, an adaptive backstepping law has been developed, and its relevancy and efficiency are illustrated in the two last simulations, where important modeling errors are considered on two significant parameters that affect the dynamics. Experimental results then corroborate the controller and observer efficiency and robustness.
The aim of this controller is twofold. First, it ensures the Lyapunov stability of the trajectory tracking. Second, this controller performs an online estimation of some key parameters. This sensitivity to matched uncertainties is a challenging issue: If biological parameters are very variable among patients, the pumping blood is also very difficult to estimate (amplitude, mean value, and frequency). If some parameters can be estimated using an adaptive backstepping, it will not be as simple for parameters like the blood viscosity. In fact, drag force is a nonlinear function of viscosity, thus breaking classical adaptive approaches assumptions. This problem remains open.
APPENDIX A PROOF OF PROPOSITION 3 Using the change of variables (15), we give a constructive proof of the Lyapunov stabilizing controller in two steps.
First, let
denote the position and velocity errors, respectively. α is a stabilizing function. A CLF candidate is
Differentiating V 1 along (16) leads tȯ
Setting α = −k 1X , we obtaiṅ
The second termX TZ will be canceled at the next step. One can notice from the previous expressions thaṫ
Second, from (A.23) and (A.27), we havė
In this step, the CLF is given by
The derivative of V 2 along system (16) is expressed as:
To cancel the last term in (A.30), we seṫ .31) and to ensure thatV 2 is negative semidefinite, we set
Using (A.27), (A.31), (A.32), and Barbalat's lemma, we hence get the result. Note thatθ is, consequently, bounded.
APPENDIX B PROOF OF PROPOSITION 4
Using the same CLF than in the previous proof, we get Since the control law (A.33) requires thatθ = 0, we modify the update lawθ = u θ to guarantee thatθ ≥ > 0 using the projector (20) . We, thus, have to check that the derivative of CLF V 2 (t) given by (A.29) is still negative semidefinite whenθ = and u θ = Γϕu TZ < 0.
In this case, (20) leads to a frozen update, i.e.,θ = 0. Differentiating (A.29) and using (A.33), we obtaiṅ
Since θ ≥ , Γ is positive definite, and u θ < 0, the last term in (A.34) is negative, which in turn implies thatV 2 is negative semidefinite.
APPENDIX C PROOF OF PROPOSITION 5 Vector fields (9)-(11) are defined using compositions of norms with Lipschitz continuous or C 1 functions. Since C 1 functions are locally Lipschitz and using the triangle inequality, it is not difficult to show that the drift vector field f 0 is locally Lipschitz on any compact set K. As u andθ are bounded, F is hence locally Lipschitz in the state variables on any compact set K and consequently admits a k K -Lipschitz extension F in the state variables on R 4 for some k K ≥ 0. Let e = (e x , e z ) with components
for some L ≥ 1, whose choice is discussed later. Since, by definition, (15)- (16) or (15)- (18) In addition, using L ≥ 1, we can bound the Lyapunov derivative (A.39):
Let L 0 = 2 P k K . It follows from (A.41) that ∀L > L 0 , (21) is a globally asymptotic observer of (15)- (16) or (15)- (18) on the compact K.
